INTRODUCTION
Diabetes is a complex, chronic, and costly disease, affecting nearly 21 million Americans at an annual cost of $132 billion. 1 Major gaps are apparent between what may be achieved and current performance, including gaps in glycemic, blood pressure, and lipid control, inadequate risk-factor monitoring and treatment, and failure to provide appropriate preventive services. 2 The Centers for Disease Control and Prevention estimate that adequate attention to these measures would decrease cardiovascular disease mortality by 30%, blindness by 90%, and incidence of end-stage renal disease by 50%. 1 Translating our understanding of diabetes epidemiology into effective interventions has been challenging. Modern approaches to improving diabetes care often include decision support for physicians and/or patients. 3 Several recent investigations employed advanced health information technologies and clinical decision support systems using functions enabled by electronic medical record (EMR) systems. [4] [5] [6] A meta-analysis of quality improvement strategies for Type 2 diabetes 3 reported that while most approaches produced small to modest improvements, those involving team changes and case management appeared most promising.
The preferred design to test interventions intended to change physician and/or patient behavior is the cluster randomized trial (CRT). 7, 8 In CRTs, the unit of randomization (typically a group, such as physicians in a clinical practice) is not necessarily the analytic unit of interest (typically a patient). Well-designed CRTs often capitalize upon the effects of withingroup learning, such as that which occurs with clinical decision support systems and team approaches to care, while minimizing cross-group contamination. Published CRTs often fail to adhere to rigorous design and analytic standards, as indicated in a systematic review of 152 primary care CRT publications from 1997-2000. 9, 10 Design flaws often relate to the failure to minimize baseline cross-group differences in important prognostic characteristics, 9 resulting in biased comparisons. Common analytic flaws include failure to account for cross-group differences in power estimates or ignoring clustering effects. While EMR functions to provide decision support have been widely recognized, 11 2 EMR attributes that facilitate rigorous CRT design have received little attention. EMRs enable the identification of virtually all patients with a given condition who receive care within a health care system, by particular physicians, and at specific practice sites. EMRs can also provide detailed pre-intervention data to enable the balancing of groups of patients or practices on important clinical, sociodemographic, and behavioral characteristics, allowing the investigator to build study groups which yield fair comparisons. EMRs provide detailed and prognostically relevant data upon which to balance study groups and assess the power of a CRT. Without an EMR, researchers designing CRTs most often use published intra-cluster correlation coefficient (ICC) estimates to estimate sample size requirements. 4, 7, 8, [12] [13] [14] Methods for matching or stratifying to produce study groups have involved sampling for relevant features, surveying historical outcomes before assignment, [15] [16] [17] 20 or sociodemographics. 21 Here, we describe the design of the Diabetes Improvement Group-Intervention Trial (DIG-IT), a CRT of EMR-catalyzed decision support to improve the care and outcomes of adult diabetic patients. We highlight the use of the EMR to facilitate identification and pre-randomization balancing on detailed characteristics of 12,675 diabetic patients cared for by 147 physicians in 24 practices of 2 health systems using the same commercial EMR system. We also compare the performance of our EMRassisted design to several alternatives without EMR information.
METHODS

Diabetes Improvement Group-Intervention Trial
DIG-IT aims to estimate the incremental effects of EMRfacilitated disease management, patient empowerment, or the combination, compared to unaltered EMR ("usual care"), on measures of: (1) patient care quality and safety; and (2) health services utilization. As shown in Figure 1 , System A's 2 groups include: (1) Setting. DIG-IT includes physicians caring for diabetic patients in 24 outpatient primary care practices of 2 academic health care systems in northeast Ohio. System A is a public system with 10 primary care practices located principally in underserved areas in Greater Cleveland; system B is a private not-for-profit system with 14 practices in urban and suburban locations. Since 2000, each system has implemented the same commercial EMR (Epic ® Systems, Madison, Wisconsin.) In 2004, system B added "tethered" personal health record functionalities so that patients could access selected medical record components.
Subjects. The analyses reported here include diabetic patients at least 18 years of age regularly seen by primary care physicians (specialists in General Internal Medicine, Family Practice, and Medicine-Pediatrics) in 24 practices. "Regularly seen" patients were seen at least once by the same physician in an eligible primary care clinic in each of the 2 years (2003-2004) preceding DIG-IT. Diabetes is identified by its appearance on the problem list or by a diabetic medication in the medications list and at least 1 encounter in 2003-2004 identifying diabetes as the reason for the visit. In system A, we excluded a small practice comprised exclusively of Asian-American patients and a teaching practice where residents serve a major role in clinical care. In DIG-IT, patients will be excluded if they cannot speak English, are blind or pregnant, or, in system B, if they state that Figure 1 . Schematic of DIG-IT design showing the 5 arms, within 2 health systems. EMR Usual clinical care using the electronic medical record with standard features, DM 2 EMR amplified by EMR-centered disease management for diabetes mellitus, MC EMR amplified patient opportunity to access records through MyChart ® web portal, MC PLUS MC amplified by patient opportunity to use added diabetes-specific functionalities to aid self-management, BOTH DM 2 and MC PLUS, in combination.
they are physically incapable of using a computer. DIG-IT places no constraints on usual patient or physician decision making, and no decrement of care associated with study methods is expected. Each system's Institutional Review Board approved all relevant DIG-IT protocols.
Assigning Practices to Study Arms: the Preassignment Balancing Process
We outline our procedure for partitioning practices into study groups to balance detailed baseline characteristics within each system. To begin, clinician-investigators identified clinical (e.g., A1 c level and trend), adherence-related (e.g., "no show" rates, smoking and vaccination status), and demographic factors likely to be associated with patients' response to disease management and/or changes in A1 c levels. From the EMR, we gathered data for encounters and laboratory results in the 2 years preceding DIG-IT for all regularly seen adult diabetes patients. Tables 2 and 3 identify our "balancing set", including proportions of patients who were female, African American, of Hispanic ethnicity; prescription for insulin at any time; record of a pneumonia vaccination; documented flu vaccination, emergency department visit or "no show" for a PCP visit in the last 12 months; and last recorded systolic blood pressure and hemoglobin A1 c values. For patients with at least 2 A1 c values separated by 30 days or more, we estimated practice-level mean annualized trends in glycemic control over time. Next, we summarized the balancing set characteristics for alternative partitions (potential assignments of practices to study groups) within each system. In system A, we studied 336 unique partitions of the 10 practices, including the 126 possible partitions into 2 study groups containing 5 practices each and the 210 partitions which create 1 group of 4 and 1 group of 6 practices. In system B, practical considerations required preassignment of 4 practices (2,069 patients) to MC and combining 2 practice pairs which share clinicians. For practices not preassigned to MC, we enumerated 72 partitions of 6 practices and 2 sets of "coupled" practices to the MC PLUS and BOTH study groups, representing all alternatives where each study group contains 4 to 6 practices.
Rather than adopt a purely statistical approach to optimize balance, 23, 24 the investigative team met to consider 10 candidate partitions of system A practices and 9 candidates for system B, in each case, blinded to practice identification. The lead author calculated absolute standardized differences (difference in means as a percentage of the pooled SD) [25] [26] [27] across each characteristic to inform the selection of candidates. Equipped with descriptive summaries of each balancing set characteristic for each candidate partition, the team discussed which alternatives reflected the "best" balance, and then selected a partitioning of the practices. Finally, these were randomly assigned to study groups by coin toss. The most important balance measure for a CRT is the intracluster correlation coefficient (ICC), the ratio of the betweenclusters variance to the total variance, which takes a value between 0 and 1. 28 The ICC for a trial's key outcomes at baseline affects both the effective sample size and required analytic approach, with larger ICCs having greater impact. Careful ICC estimation is crucial. 9, 13, 14, [29] [30] [31] [32] Large ICCs occur if, for instance, there is consistent management of patients The primary impact of statistical dependence implied by a positive ICC is that the cluster-randomized trial loses power relative to a trial randomized at the patient level. 7, 8, 35 The CRT's effective sample size for an outcome is inversely related to that outcome's ICC. To obtain an effective sample size for an outcome in terms of the required number of patients for a trial randomized at the patient level, we deflate the CRT's sample size by a design effect, DE ¼ 1 þ n À 1 ð ÞICC, which depends on the average cluster size n and the estimated ICC. 8, 33 Using our historical EMR data, we estimated ICCs for each characteristic for each partition using STATA's loneway procedure, 36 enabling us to directly compare the selected DIG-IT study groups to all alternative partitions. To assess balance more thoroughly, we estimated standardized differences for our selected DIG-IT partition to compare the 2 system A study groups, and the 2 system B groups (MC PLUS and BOTH), where allocation was not predetermined. Standardized differences below 10% in absolute value indicate well-balanced distributions. 25 Finally, we examined DIG-IT's balance for several variables not included in the balancing set, including geocoded estimates of neighborhood income and educational levels drawn from the U.S. Census, at the census block level for system A, and the zip code level for system B, with educational estimates in each case specific to the patient's race and gender. Table 1 describes preassignment central tendencies and ranges of key characteristics of the studied practices. Striking differences exist both within and across systems. For instance, while 48.9% of diabetic patients in system A are African American, system's A 10 practices range from 4.5% to 98.2% African American. In system B, 23% of diabetics are African American overall, but individual practices range from 0.7% to 75.6% African American. Table 1 also displays substantial between-and within-system variation in insurance type, geocoded race-and gender-matched census estimates of income and educational attainment, baseline glycemic control, ADA summary components and measures of undesirable utilization. In contrast, Tables 2 and 3 highlight impressive similarities between study groups after the balancing process. In Table 2 , system A's selected partition has ICC values well below 0.01 and absolute standardized differences below 10% for 10 of the 14 characteristics. Table 3 displays the balance in system B, where all characteristics other than race and ethnicity show very small ICCs and standardized differences. Figure 2 presents boxplots of ICC estimates across all 336 alternative partitions of practices in system A on the balancing set of characteristics (excluding patient volume.) In each plot, the ICC achieved by the partition selected for DIG-IT is indicated by a triangle. The selected DIG-IT study groups appear highly comparable, with solid balance (low ICC) on virtually all variables. Most characteristics show modest ICC variation across the 336 alternative partitions. However, a poor choice of partition could lead to very poor balance on some characteristics, particularly race/ethnicity, but also most recent value of A1 c , gender, and rates of insulin prescription and vaccination. Figure 3 provides analogous information for the 72 partitions in system B. Again, the DIG-IT choice yields study groups with small ICCs in absolute terms and in comparison to the available alternatives.
RESULTS
Comparing DIG-IT's Balance with Plausible non-EMR Alternatives
Without EMR information, the assignment of each system's practices to DIG-IT study groups might have been along geographical lines, 5, 18, 19 by balancing characteristics available from non-EMR data sources, using simple demographics, 21 Tables 2 and 3 , and is never substantially worse. Volume. The selected DIG-IT study groups are closely matched on patient volume. System A shows 2,281 and 2,025 patients and 44 and 29 physicians, respectively, in the 2 arms. Alternative partitions with closer matches on both patient and physician volume are substantially less balanced on the proportion of African-American patients. The system B choice balances patient volume across the MC PLUS (n=3115) and BOTH (n=3185) arms, and these are also well balanced on number of physicians (55 and 63, respectively.)
Demographics. Without an EMR but using, for instance, an insurance database, we might have sufficient data to select a partition which best balances age and gender. In each system, this age/sex partition produces a result with very poor balance on race and ethnicity and substantial differences in patient volume across the exposures. Restricting the candidates to those partitions which have a difference in patient volume of 500 or less, the selected DIG-IT partition is substantially better on race/ethnicity, sociodemographics (education and income, particularly) and baseline glycemic control. We also considered a situation where race was available in addition to age and gender. Again, restricting to partitions with patient volume differences of 500 or less, in system A, the DIG-IT partition is the best choice to balance age, gender, and race/ethnicity. The system B partition which best balances age, gender, and race/ethnicity is well balanced overall, with the exceptions of neighborhood estimates of educational attainment (17.4% less than high school graduates vs 13.5%) and mean income ($42,700 vs $51,870.) DIG-IT partition Figure 3 . Balance achieved in system B on characteristics used in design. Boxplots indicate intra-cluster correlation coefficients (ICCs) for each of the 72 studied partitions in system B. The DIG-IT partition is marked with a triangle. 
Balance of Variables Not Accounted for in Design
Having settled on a final DIG-IT partition by balancing the number of practices, patient volume, and the other variables identified in Tables 2 and 3 , we examined the performance on several additional practice-level characteristics not used in the design. Tables 4 and 5 summarize age, 4 data elements related to the summary score outcome, and 3 proxies for socioeconomic status, specifically each practice's distribution of insurance status and geocoded estimates of neighborhood patient income and educational attainment. Although none of these variables were incorporated directly in the balancing process, all but 1 in each system exhibit very small ICCs (below 0.01) in the selected DIG-IT partition.
Effective Sample Size
Cluster-randomized trials studying multiple outcomes will have different statistical power characteristics for each outcome. Here, we illustrate effects associated with slopes of measured hemoglobin A1 c levels, designated as the primary outcome during the planning phase. Within system A, our estimated ICC for A1 c slope is 0.00024. Assuming our 2 study groups (DM 2 and EMR) will each have 2,001 patients, the design effect is 1.48, which implies that DIG-IT will have power equivalent to that of a trial randomized at the patient level with approximately 1,352 patients in each arm. In system B, again assuming 2,001 patients per study group, the estimated design effect is 1.025, implying that DIG-IT will have an effective sample size of 1,952 patients in each of the 3 system B arms. Our design thus yields approximately 90% power to detect (with a 2-sided α=0.05 test) a difference in A1 c change as small as 0.25% across the 2 study arms in system A or across any pair of the 3 system B arms.
DISCUSSION
To our knowledge, this report describes the first cluster randomized trial to use data from electronic medical records to explicitly balance important characteristics before assigning practices to study groups and assigning study groups randomly to interventions. The trial was designed both to optimize fair comparisons across groups and to capitalize on withinpractice learning and information sharing that accompanies the introduction of clinical decision support tools. By explicitly balancing practice characteristics within study groups before assignment, we were able to minimize baseline differences, thus reducing substantially the potential for selection bias, 37 the need for extensive covariate adjustment in our final models, and the impact on effective sample size. 7, 8, 23 The relatively small effective sample size observed in many CRTs 3 implies substantial imbalance between intervention groups on important baseline characteristics. 8 Indeed, through a combination of straightforward identification of diabetic patients and pre-study balancing, the effective sample size of the current investigation for glycemic control exceeds all published cluster randomized trials reported in a recent meta-regression analysis. 3 In that report, baseline differences in study groups of 1 investigation 38 led the authors to estimate that the reported sample size of 3,608 subjects yielded an effective sample size of only 1,269 subjects, markedly reducing power to detect intervention effects on glycemia. 3 Naturally, our effective sample size will be reduced when studying subgroups and outcomes with larger associated ICCs. As reflected by very small intra-cluster correlation coefficients (ICCs), Tables 2 and 3 highlight the similarities across study groups among variables selected a priori as likely to have strong prognostic relationships either to patient adherence, such as appointment show rates and current smoking, or to intermediate outcomes, such as systolic blood pressure levels and 2-year trends in hemoglobin A1 c values. In addition, there was substantial similarity across groups among variables that were not explicitly part of the balancing procedure (Tables 4  and 5 ). These include such important sociodemographic features as insurance status, estimated neighborhood income, and educational attainment, 39, 40 process of care measures such as appropriate pharmacologic attention to microalbuminuria, and recent ophthalmologic examinations; and non-glycemia-related intermediate outcome measures, such as body mass index and LDL cholesterol values. The DIG-IT design is not without limitations. In our balancing process, we identified significant cross-group differences in many important parameters between the practices in the 2 health care systems (Table 1) . Although we initially intended to undertake a single trial with study groups formed across systems, these differences necessitated a design focused on within-system analyses and interventions, including 1 shared component across systems that featured physiciancentered clinical decision support (the principal intervention in system A.) Nonetheless, our attention to baseline data enabled us to avoid unbalanced comparisons. Second, while we had the latitude to assign most practices to study groups on the basis of their contributions to overall balance, and to assign study groups randomly to interventions-hard-won latitude based on negotiations and the good will of practice leaders in the 2 systems-logistical constraints necessitated combining 2 pairs of practices in system B (due to "itinerant" physicians) and preassigning 4 system B practices to the MC arm. Such constraints and realities are commonplace in most clusterrandomized trials and are best recognized at the design stage, where their effects can be minimized. Third, as "open" health care systems in which patients are at liberty to seek aspects of their care elsewhere, we are aware that the data used in our balancing may be incomplete. For example, we suspect that data are incomplete pertaining to eye examinations, which may be differentially available at different geographic sites, and to emergency department visits, which due to urgency, may occur at hospitals closer to home than patients' ambulatory care site and main campus hospital. Finally, we recognize in our pre-intervention analyses the presence of certain residual imbalances across study groups, including "last A1 c " values in system A and the proportion of African-American patients in system B. Should these potentially important differences be observed during the study period, we need to recognize them and conduct necessary statistical adjustments. 41 Comment. Cluster-randomized trials are increasingly common and there are appropriate approaches for examining the effects of changes in systems of care, often directed at group practices or practicing physicians, on quality of care and patient outcomes. Yet because "birds of a feather flock together," subjects within a group frequently are more similar to one another than they are to subjects of different groups, confounding cross-group comparisons of intervention effects. Balancing of practice groups is thus necessary to make fair cross-group comparisons and simultaneously enable within-practice learning and sharing of information about the new systems. The increasing adoption of electronic medical record systems, especially among large health care systems with multiple geographically distinct practice sites, should facilitate better designs and analyses of cluster-randomized trials.
